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Key Points:

« We provide proof-of-concept results that low-dimensional Earth System emula-
tors are useful for testing coupled data assimilation approaches

e Strongly coupled data assimilation improves analysis and forecast skill on subsea-
sonal timescales relative to the weakly coupled case
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Abstract

Strongly coupled data assimilation (SCDA), such as using atmospheric observations to
update ocean analyses, is critical for properly initializing Earth System models to pre-
dict subseasonal to decadal timescales. We show that a Kalman filter with a linear em-
ulator of the coupled dynamics can be used to efficiently assimilate observations with
SCDA. A linear inverse model (LIM), trained on 25 years of Climate Forecast System
Reanalysis gridded data, is used to assimilate observations daily during an independent
7-year period. SCDA sea-surface temperature (SST) analysis errors are reduced over 20%
in global-mean mean-squared error relative to a control experiment where only SST ob-
servations are assimilated with an SST LIM. The analysis improvements enhance fore-
cast skill for leads of at least 50 days. In contrast, analyses of 2m air temperature are
little changed, and forecast errors increase, for coupled data assimilation in these exper-
iments.

Plain Language Summary

Using observations to consistently initialize a forecast is very difficult with coupled
Earth system models due to their enormous computational demand. Here we show that
a simplified model can be used to improve forecasts through this initialization process.
In particular, we show that this approach allows observations of the atmosphere to be
used to estimate sea-surface temperature (SST) and to improve forecasts of SST when
compared to an approach that uses only observations of SST. This suggests the poten-
tial to improve SST forecasts one to two months in the future using such an approach.

1 Introduction

Many problems in weather and climate, such as subseasonal and decadal forecast-
ing, involve initializing coupled Earth System models to predict future states (e.g., Zhang
et al., 2005; Yang et al., 2013; Lea et al., 2015; Laloyaux et al., 2016; S. G. Penny & Hamill,
2017; S. G. Penny et al., 2017). Initialization typically involves using observations of the
system to improve an existing estimate, such as a forecast from an earlier time, using
data assimilation (DA). In addition to a prior estimate of the state, DA requires an es-
timate of the errors, which significantly elevates the demands on an already computa-
tionally intensive set of calculations. This burden has slowed experimentation and al-
gorithm development in coupled data assimilation (S. Penny, Akella, et al., 2019), and
promoted implementations where coupled DA is approximated. Building on recent work
in coupled paleoclimate DA (Perkins & Hakim, 2021), we test the hypothesis that a stochas-
tically forced linear emulator of the coupled atmosphere—ocean dynamics can be used
for coupled DA to improve subseasonal forecasts.

In the context of atmosphere—ocean coupled forecasting, strongly coupled DA (SCDA)
involves assimilating observations to apply updates across the domain interface. This al-
lows, for example, relatively more abundant atmospheric observations to inform the ocean
analysis. To work well, SCDA requires an accurate estimate of the covariance between
the atmospheric observations and the ocean variables (e.g., Sluka et al., 2016), which con-
tributes to the aforementioned computational demands. A range of weakly coupled DA
(WCDA) approaches approximate SCDA. A common one, which we adopt here, is to use
separate DA systems for the atmosphere and the ocean, in order to generate indepen-
dent analyses in each domain using only the observations in that domain (S. Penny, Bach,
et al., 2019). For WCDA, coupling occurs during the forecast step, when a coupled model
evolves the state from the analysis to the next assimilation time. A significant drawback
of WCDA is that observations of one domain do not directly affect the other, which could
lead to imbalances between the atmosphere and ocean during the forecast step (Zhang,
2011; Mulholland et al., 2015).
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In this study, we use SCDA to generate initial conditions for subseasonal forecasts.
To break the computational bottleneck for SCDA, we use a linear inverse model (LIM;
Penland & Sardeshmukh, 1995; Newman et al., 2003; Albers & Newman, 2019) for cou-
pled atmosphere-ocean prediction. Although LIMs have long been used for subseasonal
prediction (e.g., Newman et al., 2003; Albers & Newman, 2019), we believe the appli-
cation to SCDA is novel. The LIM is trained on Climate Forecast System Reanalysis (CFSR)
data (Saha et al., 2014), and applied to DA experiments using a Kalman filter on ob-
servations of both atmosphere and ocean variables. We compare the errors in analyses
and forecasts for SCDA with WCDA and atmosphere-only and ocean-only DA, and find
that SCDA is particularly important for SST prediction. This proof-of-concept calcu-
lation may also be useful for developers of SCDA systems, since LIMs trained on the out-
put of complex models are straightforward to develop for prototype applications and hy-
pothesis testing. For example, since the LIM forecasts are skillful to at least 50 days, this
approach may prove useful for improving operational forecasts on subseasonal to seasonal
timescales.

2 Methods and Data

Here we describe the data (section 2.1), linear inverse modeling (section 2.2), Kalman
filtering (section 2.3), observations and their errors (section 2.4), and validation and er-
ror quantification (section 2.5).

2.1 Data

All data for this study are taken from the Climate Forecast System Reanalysis (Saha
et al., 2014) (CFSR), which is defined on global lat—lon grids. Calculations related to
training pertain to the period 1979-2003; validation is performed over 2004-2010. Grid-
ded CFSR data is available every 6 hours, which we first average to daily, and then to
a running 5-day mean. The seasonal cycle is then defined at each grid point by the lead-
ing three Fourier harmonics of the annual cycle averaged over the training period, and
removed from the 5-day-average data. The LIM state vector is defined by the following
variables: 2m air temperature (Ta,,), sea-surface temperature (SST), u and v wind com-
ponents at 850 hPa (ugso and vssg), and outgoing longwave radiation (OLR). Each field
is truncated to the leading 30 empirical orthogonal functions (EOFs), which are com-
puted from grid point values area weighted by cos(gb)l/ 2 where ¢ is latitude. This trun-
cation retains about 50-60% of the variance for all variables but OLR (33%). Each vari-
able is standardized after truncation to unit variance. Increasing the number of EOFs
leads to overfitting the LIM, although results are insensitive to the exact truncation value.

2.2 Linear inverse model

LIMs capture the linearized dynamics of anomalies about a chosen mean state, where
the anomalies have zero mean, with zero-lag time-mean covariance matrix Cy. For state
vector x, a LIM is defined by (e.g., Penland & Sardeshmukh, 1995)

dx
EfoJrf, (1)

where t is time, L is a matrix containing the deterministic dynamics, and & is a random
vector that is uncorrelated in time (but has correlations in the state dimension). The
first integral of (1) yields a mapping from any initial condition to the forecast at lag dt,

x(t + 0t) = Gax(t) + n, (2)

where Gy; is related to L by
Gt = exp(Ldt) (3)
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and n is the integrated contribution from the random vector, £. Assuming that the state
and the error are uncorrelated, (2) gives a forecast equation for the error covariance

cov(x(t + dt), x(t + 6t)) = Ggecov(x(t), x(t))GE, + N, (4)

where Ny; is the stochastic error covariance specific to the time lag d¢. Since (4) applies
to any initial condition, including Cg, and the covariance statistics are stationary, we may
solve for Nj; algebraically (Penland, 1989, eqn. 11):

Nj = Co — G5:CoG,. (5)

We calibrate the LIM using CFSR data during the training period by determin-
ing the least-squares solution to (2) for dt = 5 days, and then recover L from (3). For
any lead time 6t, Gs; is defined from L by (3) and Ng; by (5).

2.3 Kalman filter

Given a set of observations and a prior estimate of the state mean and covariance,
the Kalman filter gives the best linear unbiased estimator for the analysis mean

X, = x5 + K(y — Hxy) (6)
and covariance
P,=(I-KH)P;. (7)
The Kalman gain matrix is given by
K = P;HT [HPHT + R] ', )

xy and Py are the prior mean and covariance, respectively, x, and P, are the analysis
mean and covariance, respectively, y is a vector of observations having error covariance
R, and H is the observation operator, which maps from the state to the observations.
Having solved for x, and P, at one time, (2) (with n = 0) and (4), respectively, are
solved for x; and Py at the next time that observations are available, which allows (6)-
(7) to be solved again; this process is repeated one day at a time for the entire valida-
tion period.

2.4 Observations

Observations are drawn once each day for every variable directly from the CFSR
gridded data, and estimated from the truncated EOF basis of the LIM,

y = HX = Hx + ¢, (9)

where x is the CFSR lat-lon gridded data and x is the truncation of X to the EOF ba-
sis for the variable. The observation operator in the LIM basis, H, is related to the ob-
servation operator on the lat-lon grid, I:I, by H = HU, where the (30) columns of U
are the EOFs. Observations are defined on a regular grid every 10° latitude, and in lon-
gitude every 10°/ cos(¢), where ¢ is latitude; observation locations are shown on Fig. 3.

Since observations are drawn directly from the CFSR analysis grids by H, the ob-
servation error covariance in (8), R, is determined completely by representativeness er-
ror from the EOF truncation: R = cov(e, €). However, the truncation error for each
variable is not independent of the resolved components of the other variables, so we de-
fine a second observation operator by removing a linear estimate of the dependent part
of the truncation error,

e=AHx +e. (10)

Matrix A is found by least-squares regression to minimize var(e) during the training pe-

riod, and the observation error covariance matrix in this case is given by R = cov(e, e).

We shall refer to use of this observation operator and observation-error covariance as “regression-
R, and use of (9) and R = cov(e, ¢) as “control-R.”
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2.5 Error quantification and validation

Errors are measured in observation space and on the full lat-lon grid. The misfit
to observations of the one-day forecast is defined as

d =y — Hxy. (11)

If all errors are consistently specified, the covariance of the misfits averaged over all val-
idation times should approximately equal the innovation covariance from (8) (e.g., Houtekamer
& Mitchell, 1998),

cov(d,d) ~ HPH” +R. (12)

We note that, because H, R, G, and N are constant, (4) and (7) reveal that Py and P,
are as well, so that the right-side of (12) has a single value.

Errors on the lat—lon grid are defined with respect to the truncated EOF basis. We
compute the mean-squared error (MSE) of the analyses and forecasts to 50 days lead time
during the validation period at all grid points, and area weight the global mean of these
values. When comparing different experiments, we compute the percentage change in
global-mean MSE. For brevity, we limit the analysis of atmospheric variables to Ta,,;
results for the others are qualitatively similar.

3 Results

We present results for WCDA and SCDA experiments, compared to separate con-
trol experiments for the atmosphere and ocean. The atmospheric control experiment con-
sists of cycling DA on atmospheric observations only, and the model used in the fore-
cast step ((2) with n = 0, and (4)) is limited to the atmospheric elements of L. Sim-
ilarly, the oceanic control experiment consists of cycling DA on SST observations only,
and the model used in the forecast step is limited to predicting SST from SST alone. We
note that the control experiments are not directly comparable to operational systems for
the atmosphere and ocean, since the LIM has no explicit boundary conditions, and atmosphere—
ocean coupling is implicit from the training of the LIM variables. The weakly coupled
data assimilation (WCDA) experiment is defined by a coupled forecast using the full LIM,
with separate DA in the atmosphere and ocean, and no “cross-domain” covariances. Specif-
ically, WCDA sets to zero those entries of Py corresponding to covariances between SST
and the atmospheric variables. The strongly coupled data assimilation (SCDA) exper-
iment is defined by a coupled forecast using the full LIM, and full coupling in the anal-
ysis, so that atmospheric observations affect the SST analysis and vice versa.

Looking first at the fit of the one-day forecast to observations, from (12) we com-
pute for each observation i the calibration ratio

cov(d,d);;/[HPH” + R];; (13)

and summarize the distribution over all observations in violin plots (Fig. 1). For the control-
R case, where observation errors are defined simply by truncation error, results for all
experiments show smaller errors in the mean analysis than expected from the innova-

tion variance. This over-dispersion is largely corrected when using regression-R,, with
particularly good calibration for SCDA and all experiments for SST. For Ts,,, WCDA

and the control experiment show over-dispersion for regression-R, with longer tails to-

ward larger values. For the remainder of the results we adopt regression-R.

For Ts,, forecasts over the 7-year validation period, the global-mean MSE increases
rapidly with lead time up to about 10 days, and then increases more slowly before sat-
urating around 20-30 days (Fig. 2, top panel). As an illustration of the spatial distri-
bution of errors, Fig. 3 shows that at a lag of 10 days errors are largest over extratrop-
ical land masses and the Antarctic coastline. Errors grow more slowly in SST (Fig. 2,
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top panel), and are not near saturation at 50 days. Spatially, SST errors are localized
in the eastern tropical Pacific Ocean, and in the midlatitudes (Fig. 3).

Comparing the coupled-DA experiments against the respective control experiments
in the atmosphere and ocean reveals that, in the global-mean MSE, WCDA errors are
larger than the control case (Fig. 2, bottom panel), although the spatial distribution of
errors at 10-day lead time reveals improvements in the tropical Pacific (Fig. 4, upper left).
For SCDA, the global-mean MSE shows little change from the control case in the anal-
ysis, and a slow increase in error during the first 20 days before leveling off at about 2%
(Fig. 2, bottom panel). Improvements in Ta,, cover a larger fraction of the tropics com-
pared to WCDA, and portions of the Southern Hemisphere, with larger increases in er-
ror relative to the control over large areas of the Northern Hemisphere (Fig. 4, lower left).
For SST, SCDA shows large improvement relative to the control case, over 20% in the
global-mean MSE at short leads (Fig. 2, bottom panel), and about 40% over large ar-
eas (Fig. 4, lower right). Our SST improvements are qualitatively similar to those of Sluka
et al. (2016) in the tropical Pacific and near the midlatitudes, although they find larger
improvements over the sub-Arctic North Atlantic.

A final experiment, aimed at exploring the degradation in Ty, forecasts for SCDA,
is the same as the SCDA case, but excludes SST observations from assimilation (black
lines in Fig. 2, bottom panel). In this case, SCDA improves upon the control for Ts,,
analyses and forecasts up to about 5 days lead, before slowly converging upon the pre-
vious SCDA results at long leads. SST analysis improvements are much smaller than for
the SCDA case, but the improvements increase during the forecast, such that they be-
come about as large as the main SCDA case after about 25 days. These results suggest
that, even for this low-order linear model, relative to single-domain assimilation, con-
sistent improvements with SCDA for both atmospheric and oceanic forecasts over a wide
range of leads will involve more tuning than we have considered here. In particular, the
stochastic error covariance Ng; in (4) contributes to the cross-domain error covariance,
but may not be optimal for coupled data assimilation.

4 Concluding summary

Strongly coupled data assimilation is essential for Earth System analysis and pre-
diction because it allows observations to consistently influence components of the sys-
tem other than those directly measured. This is particularly important when the dynam-
ics and/or observing density are very different across components, as is the case for the
atmosphere and ocean. Despite this promise, progress on strongly coupled DA has been
slowed due to the enormous computational burden of both simulation and assimilation,
which has promoted the use of weakly coupled approximations where assimilation is per-
formed independently in each domain. Here we used an empirical model of coupled atmosphere—
ocean dynamics, the LIM, as a low-dimensional Earth System emulator to test two ap-
proaches to coupled DA. The LIM is skillful to at least 50 days, and highly computa-
tionally efficient, so that when integrated with a Kalman filter, it allows us to compare
the performance of SCDA to WCDA and single-domain control experiments.

For a LIM calibrated on CFSR data, and DA experiments on observations drawn
from CFSR during a 7-year validation period, we find that SCDA produces large improve-
ments to the ocean control case, which has just the ocean component of the LIM and
SST observations. SCDA SST analysis errors are reduced by over 20% in the global-mean
compared to the control case, and 40% over local regions. In contrast, WCDA SST anal-
ysis errors are reduced by only about 5% in the global mean compared to the control,
and error reduction nearly vanishes by 50 days into the forecast. Forecasts derived from
SCDA analyses show that the SST analysis error reduction persists through the forecast
with over 10% improvement compared to the control at 50-days lead. Outside of the trop-
ics, atmospheric forecasts are degraded in WCDA and SCDA relative to the control cases,
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although SCDA has smaller error than WCDA at all forecast leads. While we show that
a portion of this change in performance is due to the assimilation of SST observations,
the degradation at long leads is not, suggesting that details of the dynamics play an im-
portant role in conditioning the errors. Future work is needed to explore this issue.

We also show that SCDA has the best probabilistic reliability when comparing one-
day forecasts with observations. This result depends on consistent specification of ob-
servation error statistics, which in our experiments is determined entirely by represen-
tativeness error due to truncation onto the LIM EOF basis. We find that truncation er-
ror correlates with the LIM basis, and removing this relationship in the forward oper-
ator (H) results in SCDA analyses that are well calibrated.

This work provides a proof-of-concept demonstration that low-dimensional Earth
System emulators are useful for testing approaches to coupled data assimilation. As such
they may provide an important tool for rapidly prototyping experiments before deploy-
ment in the full modeling system. Moreover, since the forecasts are skillful to at least
50 days, future research may explore how to use this approach for operational forecast-
ing on subseasonal to seasonal timescales.

Open Research

CFSR data may be found at: https://cfs.ncep.noaa.gov/cfsr/. Software de-
veloped for this research will be openly distributed after publication.
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